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Introduction
In this paper we exploit the information contained in central bank communication to measure the level of stress in financial markets. Since stress is not a well-defined concept, there are some conceptual as well as methodological issues to confront. It is important to note that financial stress is related to -but is not identical to -market volatility. For example, there can be a lot of volatility in the market when new, unexpected information arrives but this need not imply that there is stress in the market.
We take a pragmatic approach and use quantitative techniques to design a measure that is easy to use and interpret. Our starting point is research in finance on qualitative Qualitative variables have also been used in related contexts to help explain stock market prices as well as to predict firms" accounting earnings and stock returns (see, for example,
Tetlock (2007)).
We apply these methods in a novel way to measure and interpret financial stress (or distress) in the markets. Our focus is on the euro area and we draw on communication contained in the European Central Bank"s (ECB) Monthly Bulletins. Our measure of stress -a financial stress indicator (FSI) -is related to the literature on financial (currency and banking) crises and the literature on early warning signals. One of its advantages is that it is based on real-time, high-frequency data, and another is that it incorporates a much richer set of nuances than possible with conventional methods, e.g. those based only on market price data.
The layout of the paper is as follows. Section 1 briefly reviews related research on qualitative information as well as on stress/crisis indicators. In Section 2 we describe the rationale for the FSI and how we construct it by aggregating market-based variables and 3 extracting information from the ECB Monthly Bulletins. Section 3 discusses the features of the FSI and Section 4 its robustness properties. Section 5 concludes.
Related research
How can the information contained in texts be converted to quantitative form? There is of course a multitude of ways to do this, depending on the particular focus. In textual analysis, one of the more common methods is a word categorization, i.e. the transformation of unstructured text into a representation able to capture aspects of that text, for example the degree to which it conveys positive or negative information. Authors, such as Tetlock (2007) and Loughran and McDonald (2010) , commonly focus on a "bag of words" derived from existing lists such as "Harvard"s General Inquirer" or construct a glossary as in Rosa and Verga (2008) , who found that central bank communication has a significant impact on longerdated interest rates. Lucca and Trebbi (2009) instead use an automated scoring technique to help measure the content of central bank communication about future interest rate decisions based on information from the Internet and news sources. Li (2006) and Davis, Piger and Sedor (2006) analyse the tone of qualitative information using word counts from corporate annual reports and earnings press releases, respectively, whereas Tetlock (2007) links the Wall Street Journal"s column "Abreast of the Market" with subsequent stock returns and trading volumes and found that high levels of pessimistic words help to predict earnings and stock returns. Our study is related to such studies as we use a word categorization method based on an algorithm of word count. We divide our "bag of words" into two categoriesnegative and positive words -and measure their relative frequency in each Monthly Bulletin.
All in all, we have more than 130 ECB Monthly Bulletins spanning a period of more than ten years (July 1999 to June 2010 . 4 We use the information from the word categorization method to help define periods of financial stress in the euro area. By assigning a value of one to periods of stress and zero to non-stress periods, we construct the dependent variable of a logit model. The independent variables are derived from individual financial variables that together cover a relatively broad spectrum of issues related to financial stress. The FSI is then derived as the fitted probability of the logit model.
The choice of the logit model and a measure of stress in the form of an indicator makes our model close to models largely used in the literature about banking and currency crisis, or more generally, financial crisis. We share with these studies not only the basic model but also the fuzziness of the definition of (financial) stress. However, although the literature does not provide a precise definition of financial stress, in general, stress is the product of vulnerable markets and shocks. For the purposes of this paper, we can think of the level of stress as being determined by the interaction between financial vulnerabilities and the size of shocks. The more fragile financial conditions are, i.e. the more vulnerable markets are, the more likely a shock is to result in stress. In extreme cases, either when the shock is very large or when financial conditions are very weak, a shock can result in a crisis and extreme stress.
In addition, because of the lack of an agreed-upon definition of financial stress, dating financial stress periods is also not straightforward as the literature provides several methods to date financial crises but not stress. One method of dating is provided in Illing and Liu (2006) . Another approach is provided in Bussière and Fratzscher (2006) , who also take into account post-crisis periods, so that the crisis variable takes the value of zero in tranquil periods, one before and during the crisis, and two in the post-crisis period. Lestano, Jacobs and Kuper (2003) distinguish between currency crisis, banking crisis and debt crisis. For currency crises, they use a variety of determinants, while they identify banking and debt crisis with the help of IMF reports and central banks publications. Goldstein, Kaminsky and 5 Reinhart (2000) use a qualitative approach to identify banking crises which focuses on events, for example the occurrence of bank runs. To identify events they rely on existing studies of banking crises and on historical narratives.
Constructing the Financial Stress Indicator (FSI)

Using words to identify stressful periods
Since there is no commonly agreed list of stressful periods in the euro area, one way to proceed is to create a list that matches well-defined criteria. In order to do so, and inspired by research on textual analysis, we use one of the more common word categorization methods based on a word-count. The idea is that the frequency of words tends to be correlated with market conditions. Thus, if negative words are overrepresented in a certain period then that period is likely to be a "negative" period, i.e. a period of increased stress. We construct and run an algorithm to count pre-selected negative and positive words from the entire text in each ECB Monthly Bulletins.
The text in the Monthly Bulletin of course reflects market developments and wouldif represented as simultaneous equations in an econometric model -contain tricky identification issues. However, just as econometric identification only is a problem insofar as parameters of interest cannot be uniquely determined without further assumptions, it does not pose a problem for us. For our purposes, we are not interested in the parameters of the model, only in the fitted model and the goodness of fit.
More practically, Lucca and Trebbi (2009 ), Bligh and Hess (2009 ) and de Haan and Sturm (2009 show that the flow of information from central banks is indeed relevant for the movements and the volatility of financial markets (see also de Haan and Berger (2010) and 6 Berger, de Haan and Sturm (2010) Unfortunately, the higher the frequency the stronger the noise tends to be. And even when noise can be efficiently filtered away, filters contain their own set of problems. Overall, monthly frequency provides a good balance between the need for timely information and the potential risk of overreacting to noise.
The word-count or textual analysis in the ECB"s Monthly Bulletins was conducted as
follows.
2 Table 1 shows the complete list of selected words. 3 We have selected negative words whose meaning is commonly associated with stress, tension, vulnerability or general weakness in the financial markets as well as in the overall economy. We have also included words with positive meaning, such as "recovery", "robust" and "favourable". (2009)). There are several weighting schemes at hand in the literature (see Manning and Schütze 2003) . 5 We chose a weighting scheme based on the frequency of the words adjusted by the commonality of the words, similar to Loughran and McDonald (2010) . We define the weighted word count as:
where i is the i th word and j is the j th document, tf i,j is the raw count, a j is the sum of the word count in the document and S is the total number of Monthly Bulletins in our collection (132), df i the number of Monthly Bulletins containing at least one occurrence of the of the i th word, N + and N -are the number of positive and negative words included in the list respectively, w i,j is the unadjusted i th word in the j th document. 6 The first term dampens the impact of high frequency words by a simple log transformation. For example, 1+log3 better reflects the importance of a word with three occurrences than the count 3 itself. The document is somewhat more important than a document with only one occurrence but not three times as important. The second termadjusts the impact of a word by its commonality. Words that occur only in one document would have full weight whereas words that occur in all documents would be given zero weight. Finally, the multiplicative factor ( ), i.e., the ratio between the number of negative and positive words (including inflections) in the list, is a simple adjustment factor to set the more frequent negative words on an equal footing with the positive words.
In order to decide in which months the signal from the Monthly Bulletins is positive (no-stress) or negative (stress), we look at the sum of the adjusted word count for each month, as reported at the bottom of the table. In Table 1 , if the sum for positive adjusted words is 9 larger than the negative words then the signal is positive and vice-versa, resulting in a binary value.
Insert Table 1 approximately here Not surprisingly, as can be seen from Table 1 tensions were clearly higher in the markets from the summer 2007 until the end of the year. These are also the months during which the signal from negative words is strong (words of negative meaning are above the threshold) whereas the signal from positive words is somewhat weaker. For example, the sum of negative words at the bottom of the table is relatively higher in the third and fourth quarter of 2007 and reaches record high in November mirrored by the sum of words of positive meaning that reaches the lowest levels in November (as well as in September). Table 2 shows the results of the word-count for the year 2000, i.e. the year when the dot.com bubble burst. The months from March to June are the months during which the frequency of negative words is higher. However, the positive words also score relatively high.
Insert Table 2 approximately here
These results are consistent with anecdotal evidence. Notably, the effects from the sharp decline in the NASDAQ composite index from its peak in March were beginning to be more widely felt on the European markets only from mid-spring. In fact, despite the sharp decline in the NASDAQ, the mood on the European markets remained fairly positive. "In conclusion, economic conditions and prospects for the euro area appear to be better at present than at any time in the past decade. Growth is strong, employment is expected to increase further and the still high level of unemployment should continue to fall. Remaining vigilant to counter upside risks to price stability and pursuing structural reform are the foundation for a sustained period of strong economic expansion and a lasting process of job creation."
In April after stating that there were risks to price stability, the editorial of the Monthly Bulletin (page 5) reports that:
"...both consumer and industrial confidence have now reached levels which are at or close to the highest since the start of these series in the mid-1980s. This picture of continuing strong domestic demand supports the favourable outlook for economic growth in the euro area as shown in recent forecasts."
But even after Black Friday (14th April) when the NASDAQ lost 34% compared to only one month earlier, in accounts from the financial press …"most bulls remained …bullish" (The Economist (2000b) 
Insert Chart 2 approximately here
Comparing the word-count to other sources
To have a reference for comparison and to evaluate the economic relevance of the results of our textual analysis, we consider two other sources. First, we consider the €coin index. The €coin index is a good candidate because it is fairly well known and its updates are published at a relatively high frequency, i.e. every month. While it is not constructed to measure financial stress, indirectly it can be associated with changes in financial conditions.
Thus, the comparison with the €coin serves a double purpose: both as a reference to something that is well known and also as a measuring rod of how much better our method performs.
The comparison is carried out as follows. In Chart 3 we see the turning points from the €coin that mark the beginning (and end) of periods of contraction (and expansion) and, without making a statement on the causality of these relationships, they tend to reflect an Table 3 , while appendix 1 describes a timeline of 8 The peak is not included in the stress period.
13 relevant events from 1999 to 2010, mostly selected from The Financial Times and The Economist.
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Insert Table 3 approximately here Chart 4 below shows the periods of financial stress that are identified by textual analysis, the €coin anecdotal evidence.
Insert Chart 4 approximately here
When comparing the results from textual analysis with those based on anecdotal evidence as well as the €coin some differences emerge, as shown in Chart 4. In general, the periods selected through textual analysis are somewhat shorter than in the other methods. This is not very surprising given the different nature of the selection approaches as well as, and especially concerning the anecdotal approach, their different degree of subjectiveness.
Therefore we would not expect the periods to overlap perfectly, but, for our purposes, it suffices that periods identified with textual analysis are in line with those based on anecdotal evidence as well as measures of general economic conditions.
Selecting individual variables
In the previous section we discussed the identification and dating of financial stress periods.
In this section we describe the selection of the underlying financial variables which are at the core of our FSI.
We select 16 market-based individual variables as basic financial measures (Table   4 ). We choose data that are of high quality, are available at daily frequency, have economic relevance and are able to reflect agents" behaviour. Although this is somewhat restrictive and some information might be omitted, the underlying variables together cover a relatively broad 9 We are indebted to Tracey Green for collecting articles and news from several sources.
14 spectrum of issues related to financial stress. Specifically, the variables reflect vulnerabilities in the corporate bond, government bond, banking, equity and money markets. We also included several measures that are commonly thought of as being a gauge of the financial markets" mood and a fairly reliable measure of agents" risk attitudes, such as the implied stock volatility. Vulnerability in the household sector is implicitly reflected in the behaviour of agents in these other markets. For the sovereign bond markets we use the spreads between euro area countries" long term bonds (10 years) vis-à-vis Germany"s long-term (10 years) bond. 10 In the literature, sovereign spreads are often related to fundamentals, i.e. liquidity and credit risk premiums, as well as to market uncertainty. While liquidity and country creditworthiness usually play a role, market uncertainty is commonly found to play a non-trivial role, especially at times of stress when market uncertainty increases.
For the banking sector, we use bank share prices to proxy for banking market stress.
Similar to the literature on stock market bubbles, an increase in bank share prices may be indicative of the build-up of imbalances (bubbles) and therefore might be interpreted as a signal of impending stress, while a sudden and protracted decrease in bank share prices (crash) is interpreted as a sign of stress. In addition, euro area major banks and financial institutions, which represent most of the financial institutions assets, fall under AA and A+ rating classes. Therefore, AA corporate bond spreads can be interpreted as a proxy of banking sector risk spread.
For the equity markets we use share prices, actual earnings per share and equity risk premium to proxy for stress. High equity risk premiums are (often) indicative of stress. A decline in earnings per share (EPS) may signify trouble and is often interpreted as a sign of stress.
We use the spreads between the Euribor and EONIA rates at different maturities as measures of liquidity-premium which may contain information about stress in the money markets. In addition, we include the spread between the main refinancing rate and the 2-year bond yield. This spread is indicative of monetary liquidity a decrease suggests a worsening of liquidity (Nelson and Perli (2006)).
Finally, we use several measures of risk aversion like the implied stock volatility, which is computed through option prices and therefore contains information about expectations. We also include in our dataset several measures of uncertainty about the future level of interest rates, which may also reflect expectations about future monetary policy. An increase in such measures is often associated with stress.
Insert Table 4 The speed with which the underlying market variables change may also give valuable information. For example, one would expect that when liquidity premiums, risk spreads and measures of uncertainty move higher, markets are becoming more vulnerable and stress is building up. Conversely when they move down rapidly, this might indicate that the period of (most) acute stress may be passed even if the index remains at elevated levels. In order to capture this feature, we construct the second index, the rate of change of the level index computed over a rolling window.
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Finally, one would expect that periods of acute financial stress are the periods in which underlying individual financial variables would be highly correlated. In order to express this feature we compute a co-movement index as captured by the percentage of the total variation of the individual variables explained by a common component as extracted from a principal component analysis over a rolling window.
The information contained in all three indices is combined into a FSI obtained by using a logit-model to extract the information contained in the indices in an efficient way.
Specifically, the FSI is constructed by including the three indices on the right-hand side and a binary variable (i.e., S t =0 or 1) on the left-hand side of the regression. 
where λ is the level index, δ the rate of change, ρ the co-movement index, β i (i= 1,..,3) are the coefficients and L denotes the Logit probability distribution function. The model is estimated using weekly data from January 1999 to June 2010. The fitted probability from the estimation of equation 1 is the FSI.
The FSI: a contingent indicator.
The model in equation 1 is a model of a contingent indicator, and therefore the FSI gives information about vulnerabilities and stress in the economy and their magnitude as they transpire.
Chart 5 shows the FSI, i.e. the fitted probability of being in a period of stress at each point in time as computed in equation 2 in the chosen sample period. The shaded areas represent the stressful periods as described in section 2. As can be seen from the chart, the indicator captures reasonably well well-known periods of financial stress.
Insert Chart 5 approximately here
Not surprisingly, the period of August 2007 onwards emerges as the most acute episode of financial stress of recent history. Interestingly, the indicator also captures the switch in sentiment that the market experienced during the turmoil. For example, at times when major central banks temporarily succeeded in calming the markets by injections of liquidity the indicator decreases, only to increase again soon afterwards. The indicator mirrors well the 12 By interpolating the dependent variable we increased its dependence and therefore standard errors may be incorrect. In order to address such a problem, we use a robust HAC covariance matrix. Berg and Coke (2004) have shown that an HAC correction largely solves the problem of dependency in the dependent variable.
18 mood of the markets both on the ups and the downs when at the end of 2009 financial stress began to ease as well as when a new wave of stress in the early spring 2010 due to worries and uncertainties about the sustainability of public finances in a number of euro area countries.
Notably, the indicator also shows an increase in the probability of stress at other, much less memorable, points in time. 
Comparing the FSI to the VSTOXX
In the previous section, we showed how the financial stress indicator could capture what, we now know, were instances of financial stress rather well and thus be in line with the anecdotal evidence. In this section, we instead ask how the indicator is systematically related to more general financial market conditions. Though the indicator is able to measure and detect times of stress, it is useful to see this as measuring rod against other well-known indices of relatively high frequency.
In Chart 6 we show the FSI and the VSTOXX which represents the implied volatility of the Euro Stoxx 50 index. 14 While the VSTOXX index is based on equity prices it is designed to reflect market expectations of near-term volatility and, given its forward-looking character, to be a more general measure of agents" perception of market uncertainty. The larger the value of the VSTOXX index the larger the market uncertainty. Here we see that while financial stress is related to market volatility, it is certainly not the same. For example, there can be a lot of volatility in the market when new, unexpected information arrives but this need not imply that there is stress in the market. On the other end, with high spreads signifying something amiss, for example that no trade is taking place, the volatility might be very low but stress very high. So while the VSTOXX measure is useful, these shortcomings imply that its role as an indicator is somewhat limited. Notably, the VSTOXX would have missed the onset of the financial crisis well into 2008.
Insert Chart 6 approximately here
The FSI's noise/signal content
Another way to assess the signal/noise content of the FSI is to consider the number of false signals, positive or negative. One particularly simple way to do this is to consider a threshold level when the markets go from signalling a tranquil period to a period of stress.
The critical threshold level is calculated so as to strike a balance between "bad" and "good" signals. A "bad" signal is a signal not followed by an actual period of stress within a certain horizon and a "good" signal is one followed by an actual period of stress within the chosen horizon, similar to Kaminsky, Lizondo and Reinhart (1998) . We choose the current one-week period as horizon.
There are four possible cases to consider. A first possible outcome is that a signal is followed by a stress period in the current one-week period. 15 A second possible outcome is that the signal is not followed by a stress period in the current one-week period. A third is that the signal has not been issued but a stress period occurs within the chosen window. The final possible outcome is that a signal was not issued and stress did not occur. Following 15 Results are robust to different lengths of the "chosen horizon".
Kaminsky, Lizondo and Reinhart (1998), this information can be summarised in the following matrix (Table 5) :
Insert Table 5 approximately here where A is the number of periods that a good signal was issued, B is the number of periods that a bad signal was issued, C the number of periods that a signal should have been issued (a missing signal) and D is the number of periods that a signal was, rightly, not issued. The ratio C/(A+C) represents the share of missed periods of stress when stress occurred (A+C). It can also be interpreted as the share of type I errors. Similarly, the ratio B/(B+D) represents the share of false alarms when stress did not occur (B+D) and therefore it also can be thought of as the share of type II errors.
Following Alessi and Detken (2009) , the critical threshold is calculated so as to optimise a loss function of an agent, for example a policy maker, that takes into account her relative preferences regarding error type I and error type II. The loss function is defined as:
The loss then can be interpreted as the preference weighted sum of type I and II errors. For values of θ lower than 0.5, the agent is increasingly less averse to missing stress than a false alarm. Correspondingly, for values of θ higher than 0.5, the agent is more averse to missing stress than to receiving a false signal. Table 6 shows the loss function values associated with different thresholds when the agent has balanced preferences, i.e. θ=0.5.
16
Insert Table 6 approximately here 16 Alessi and Detken (2009) argue that while values of θ lower than 0.5 may have been somewhat realistic prior to the global financial crisis (2007) (2008) (2009) , it is more likely in the wake of the crisis that preferences have shifted towards a higher θ. In Appendix 4 we show the values of the loss function for different θ at different threshold levels.
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The first column shows the threshold values, while column 2 shows the number of weeks the FSI was above the threshold within a tranquil period (false signal). Column 3 shows the number of weeks the FSI was below the threshold within a stress period (missing signal).
Columns 4 and 5 show the right signal, when the FSI is above the threshold within a stress period and when it is below within a tranquil period, respectively. The last column shows the Loss function value. The minimum value of the Loss function (0.19) is associated with a threshold value of 0.5. Thus, we choose this as the critical threshold value.
As 
Robustness checks
In this section we check the robustness of the FSI by looking at its out-of-sample performance. In order to do this, we estimate the parameters of the FSI up to July 2006, i.e.
well before the financial crisis began in the summer 2007. Consequently, these estimates use 17 The success ratio is computed here as the number of right (false) signals over the total number of periods when a right (false) signal should have been issued. In Appendix 6 we report the success ratio for different threshold levels of T. We then estimate the FSI out-of-sample based on the estimated parameters.
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Chart 7 shows the resulting estimates in-sample, the red continuous line, and out-ofsample, the dotted blue line. The red line is the FSI as estimated in the previous section and it can be thought as the "actual" FSI, while the blue dotted line is the (out-of-sample) fitted FSI.
It can be seen that the out-of-sample FSI mirror the "actual" 
Insert Chart 7 approximately here
The performance of the FSI can be also measured by more formal tests such as the Root Mean Squared Error test reported in Table 8 . The Root Mean Squared Error (RMSE),
i.e. the root of sum of the squared differences between the out-of-sample estimates (FX) and the in-sample values (X) (forecast errors) divided by the number of periods in the out-ofsample period, can be written as:
where 2 t e are the squared forecast errors in period t, i.e.
2 t e = (FX-X) 2 t , and h is the number of out-of-sample periods. The RMSE is one of the most common statistics used to evaluate forecast performance between different models and it can be usefully applied to also evaluate the performance of the FSI -the lower the value the better the model fit. As can be seen from Table 8 , its value is rather good at 0.35 and it performs considerably well compared to both an alternative model in which the dependent variable is regressed on a constant (Alternative 1) and a model in which the dependent variable is regressed on a constant and its own lagged values (Alternative 2). Further evidence of good performance is provided by Theil"s inequality coefficient decomposition (Theil-U), which is based on RMSE but is scaled in such a way that it will always fall between 0 and 1, just like a probability. It can be written as:
As a rule of thumb, a value of the Theil-U < 0.5 indicates a good model fit, where Theil-U=0, i.e. when FX t =X t for all t, indicates that the model is a perfect fit and conversely if U=1 then all other models would be better (see Pyndyck and Rubinfeld (1991) and Brooks (2008)).
As shown in Table 8 , the FSI also performs relatively well in terms of the Theil-U measure.
Insert Table 8 approximately here
Conclusions
We have investigated the extent to which the language used in central bank communication provides information about the level of stress in financial markets. In order to quantify the qualitative aspects of central bank communication we have applied a word categorization method that is based on a word-count of negative and positive words. The logic of this method is that the higher the frequency a word appears in a text -up to a point -the higher is the impact of that word in defining the tone of the text and therefore the text"s overall negativity or positivity.
We find that the application of such a method to the ECB"s Monthly Bulletins can effectively identify periods of financial stress in the euro area.
We have shown that such information together with the information derived from individual, market-based, basic financial variables is helpful in the construction of an 24 indicator of financial stress (FSI) that is able to detect stress in the euro area financial markets in a timely fashion while having few false positives.
The FSI is also robust in several dimensions including an out-of-sample performance test and surpasses other measures such as the VSTOOX in terms of performance.
The indicator presented in this paper, while belonging to a small group of financial stress indicators constructed for developed countries, is the first to systematically exploit the In the euro area, the ECB Monthly Bulletin reports that broad indices of euro area stock prices declined in March. This was due mainly to the correction in telecommunicationsand technology-related stock prices as well as the strong growth registered by these stocks in the previous months. The decline was partly compensated by increases in the stock prices of both the financial and energy sectors.
April 2000-December 2000
In this period, the spill-over effects from the bursting of the dotcom bubble to other sectors of the stock market were more widely felt. In the euro area, the volatility of stock prices increased and remained high. In addition, the perception of an increasing deterioration of the broad economic outlook increased. Stock markets remained highly volatile for most of 2000 28 as this excerpt from the December Monthly Bulletin (page 25) clearly states: "Continuing a pattern which has been evident for much of this year, conditions in the major stock markets were volatile in the course of November and early December. This mainly reflected heightened uncertainty on the part of market participants about the prospects for corporate profitability amid indications of a slowdown in the pace of global economic activity."
Jan 2001
The year start was marked by a substantial decline in long-term yields. The decline was mainly due to the uncertainty of market participants about future economic activity in the US as well as in the euro area.
March 2001
The uncertainty that characterised the previous months continues to weigh on the euro area developments. Although there were very few signs that the slowdown in the US was having significant impact or that there were lasting spill-over effects on the euro area.
One noteworthy observation is that inflation was higher than the 2% target and was not expected to decline in the coming months.
April 2001
The macroeconomic outlook continues to deteriorate both in the US and in the euro area.
Although according to Monthly Bulletin, the moderation in growth in the euro area is not regarded as having an impact on its overall economic strength. However, market participants revised their corporate earnings expectations downwards for euro area firms. The Dow Jones EURO STOXX index fell by close to 9% between the end of January and the end of February.
In addition, euro area stock prices appeared to be affected by spill-over from global stock market developments.
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May 2001
Real GDP growth in the euro area continued to decline while inflation was on the rise. It was during this month the outbreak of the foot-and-mouth disease was confirmed. Moreover, producer prices were increasing noticeably driven by lagged and indirect effects from rises in oil prices and the depreciation of the euro.
Sept 2001
Financial market developments were dominated by the terrorist attacks in the United States on "9-11". It is important to note that, in the euro area, this did not cause but added to the deteriorating outlook for economic growth that financial markets had been experiencing for some months. Interest rates and bond yields (especially short-medium maturities) declined and volatility surged. However, already towards the end of September and in early October, global financial markets stabilised somewhat and implied volatilities declined.
Oct 2001-early Nov 2001
While the stock market recovered in October with a decrease in investors" risk aversion, economic activity remained weak and there was a substantial decline in bond yields.
Nov 2001
In November there was a general recovery in financial markets.
June 2002-Aug 2002
In the wake of the Enron scandal, Worldcom scandal and Vivaldi-U scandal, markets showed increasing stress, in part reflecting increasing concerns about the reliability of financial accounting information but also weaker-than-expected corporate earnings. Bond yields as well as stock markets in the euro area and in the United States recorded sharp falls which reinforced the continued downward trend.
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Sept 2002-Oct 2002
The outlook for the global economy was increasingly uncertain due to the substantial increase in geopolitical tensions. As a result, concerns about the possible impact on oil prices as well as stock market developments were also increasing.
Jan 2003-Mar 2003
The Iraq war was declared in March (see FT, 19 March 2003) , but the impact of the threat of war on the macroeconomic outlook had already been felt for weeks, if not months. While investors" risk aversion was increasing, consumer confidence was diminishing substantially.
Oil markets were volatile and economic activity remained generally subdued.
March 2004
This was the month of the terrorist attacks in Madrid (11 March). It contributed to the surge in short-term uncertainty which added to the not-so-bright outlook in an environment of mixed macroeconomic data, an appreciating euro and declining bond yields.
April 2005-June 2005
Prospects for global growth were perceived as highly uncertain. However, the perception of the relative strength of the euro area did not change much.
Oct 2005-Nov 2005
The outlook for economic activity remained clouded by downward risks. As in the previous months, these were related mainly to oil prices. Consumer confidence was low.
Sources: ECB Monthly Bulletins,The Economist, and The Financial Times
In the text the set of variables X consist of the level, the rate of change and the comovement indicators. The estimation results are presented in the following table:
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Appendix 3. Loss function values and Success Ratio
